1. Introduction {#sec1-sensors-20-01946}
===============

Rolling bearings are widely used in rotating machinery. They are also widely used in aircraft engines \[[@B1-sensors-20-01946],[@B2-sensors-20-01946]\] and other rotating machinery \[[@B3-sensors-20-01946],[@B4-sensors-20-01946],[@B5-sensors-20-01946],[@B6-sensors-20-01946]\]. However, rolling bearings are very easily damaged, and their faults are usually located in the outer race of the rolling bearing \[[@B7-sensors-20-01946]\], the inner race of the rolling bearing \[[@B8-sensors-20-01946]\] and the roller element of rolling bearing \[[@B9-sensors-20-01946],[@B10-sensors-20-01946]\].

At present, the industrial monitoring of rolling bearings is based on vibration signal time-frequency analysis \[[@B11-sensors-20-01946],[@B12-sensors-20-01946],[@B13-sensors-20-01946],[@B14-sensors-20-01946]\], and the fault vibration signals of various rolling bearing fault states contain their own unique information, which needs to be identified and classified. Doing so positively impacts health monitoring of the rolling bearing. Of course, the process monitoring of rolling bearings is not only based on vibration signals, but also has some new technologies applied, such as acoustic signals \[[@B15-sensors-20-01946]\], acoustic emission signals \[[@B16-sensors-20-01946]\] and current signals \[[@B17-sensors-20-01946],[@B18-sensors-20-01946],[@B19-sensors-20-01946]\]. Frosini \[[@B17-sensors-20-01946]\] proposed a induction machine rolling bearing fault diagnosis technique based on measuring and analyzing vibration signal and current signal. The flux probe of this method can easily be positioned on the machines and adapted to a wide range of power levels. Immovilli \[[@B18-sensors-20-01946]\] also utilized current signal to diagnose mechanical imbalances and bearing faults. The main contribution of this paper is to describe a simple and effective signal processing technique for current signals. In the field of rolling bearing fault vibration signal processing, there are some common methods of signal processing. For example, wavelet packet decomposition (WPT) \[[@B20-sensors-20-01946],[@B21-sensors-20-01946]\], empirical mode decomposition (EMD) \[[@B22-sensors-20-01946],[@B23-sensors-20-01946]\], complete ensemble empirical mode decomposition adaptive noise (CEEMDAN) \[[@B24-sensors-20-01946],[@B25-sensors-20-01946]\] and local mode decomposition (LMD) \[[@B26-sensors-20-01946],[@B27-sensors-20-01946]\], etc. However, choosing the wavelet basis function in advance at the beginning of the decomposition of the WPT plays an important role, as the signal cannot be decomposed adaptively, which will have a certain impact on the decomposition result of the rolling bearing fault vibration signal. EMD, LMD and CEEMDAN can conduct adaptive decomposition according to the characteristics of the signal, but they all have adverse effects such as mode mixing \[[@B28-sensors-20-01946],[@B29-sensors-20-01946]\], etc. Therefore, the variational mode decomposition (VMD) algorithm was proposed by Dragomiretskiy \[[@B30-sensors-20-01946]\]. The simulation or fault vibration signal could be adaptively decomposed into several narrow-band signals of different frequencies by the VMD algorithm, thus avoiding the adverse effects of mode mixing. Li \[[@B31-sensors-20-01946]\] utilized the VMD algorithm to decompose the internal bearing signal of a high-speed locomotive, which contained a large amount of background noise. The experiment made use of this method to decompose the characteristic signal and achieved a better result. A rolling bearing fault diagnosis method was proposed by Zhang \[[@B32-sensors-20-01946]\]. This method made use of the VMD algorithm to decompose the rolling bearing signal, and compared it with the EMD algorithm: the results showed that the VMD algorithm is better than the EMD algorithm for the extraction of rolling bearing fault features.

However, the selection of the VMD parameters combination $\lbrack K,\alpha\rbrack$ is particularly important. A parameters-adaptive optimization VMD method based on the grasshopper optimization algorithm (GOA) for rotating machinery vibration signal was proposed by Zhang \[[@B33-sensors-20-01946]\], which used a kurtosis index and correlation coefficient as a fitness function for VMD parameters optimization. A test case showed that this method can effectively find the optimal parameter combination $\lbrack K,\alpha\rbrack$ in the VMD algorithm. Yan \[[@B34-sensors-20-01946]\] proposed a method to optimize VMD parameters based on the cuckoo search algorithm (CSA). The results showed the CSA-VMD can extract fault features effectively and it was compared with other methods to assess its advantages. Xiao \[[@B35-sensors-20-01946]\] used the average instantaneous frequency as an index to select the most important parameter $K$ of the VMD algorithm, which could find the best parameter $K$ of the algorithm quickly and effectively. Ding \[[@B36-sensors-20-01946]\] utilized a GMPSO algorithm to select the optimal parameters combination $\lbrack K,\alpha\rbrack$ in the VMD algorithm. Compared with PSO algorithm, the GMPSO algorithm could avoid the occurrence of local optimal value.

Researchers have studied rolling bearing fault classification algorithms very closely. Fault classification algorithms include neural networks (NNs) \[[@B37-sensors-20-01946],[@B38-sensors-20-01946],[@B39-sensors-20-01946]\], support vector machines (SVM) \[[@B40-sensors-20-01946],[@B41-sensors-20-01946],[@B42-sensors-20-01946]\] and deep learning \[[@B43-sensors-20-01946],[@B44-sensors-20-01946],[@B45-sensors-20-01946],[@B46-sensors-20-01946]\]. Among them, SVM needs to determine the kernel function in advance, which lead to low fault diagnosis accuracy. Deep learning needs to learn the fault signal, and the learning time is generally longer than that of neural network, which is not applicable for small fault data samples. In order to find out the fault feature frequency of a rolling bearing, the envelope spectrum analysis of the fault signal component is carried out in this paper. Based on the above literature we investigated methods for mode mixing between EMD algorithm and CEEMDAN algorithm. This paper utilized the GMPSO-VMD algorithm to decompose the rolling bearing fault vibration signal, and then combined it with the envelope spectrum to find fault feature frequency. Therefore, this paper proposes a rolling bearing fault feature extraction method based on GMPSO-VMD algorithm.

2. Rolling Bearing Fault Feature Extraction Method {#sec2-sensors-20-01946}
==================================================

2.1. VMD Algorithm {#sec2dot1-sensors-20-01946}
------------------

The VMD \[[@B30-sensors-20-01946]\] algorithm decomposes the rolling bearing fault vibration signal data set $y(t)$. The analytic signal of the $y(t)$ is as follows:$$\left\lbrack {(\delta(t) + \frac{j}{\pi t}) \times y_{K}(t)} \right\rbrack e^{- j\omega_{K}t}$$ where: $t$ is time, $\delta(t)$ is the impact function.

The VMD algorithm searches for the constrained variational optimal solution by constructing a L2 norm model, expressed as:$$\begin{array}{l}
{\min\limits_{{\{{y_{K}(t)}\}},{\{\omega_{K}\}}}\left\{ {\sum\limits_{K}^{}\left\| {\frac{\partial\lbrack\delta(t) + \frac{j}{\pi t}\rbrack \times y_{K}(t)}{\partial t}e^{- j\omega_{K}t}} \right\|_{2}^{2}} \right\}} \\
{s.t.\ {\sum\limits_{K}^{}{y_{K}(t) = y(t)}}} \\
\end{array}$$ where: $y(t)$ is the original rolling bearing fault vibration signal, $y_{K}(t)$ is the modal function, $\omega_{K}$ is the central frequency bandwidth, and $\delta(t)$ is the instantaneous impulse signal. $(\delta(t) + \frac{j}{\pi t}) \ast y_{K}(t)$ is the Hilbert transform for $y(t)$.

This L2 norm model (1) introduces the Lagrange equation to solve it. The parameters of penalty factor $\alpha$ and the Lagrange multiplication operator $\lambda(t)$ are introduced to construct a non-constraint optimization model. The non-constraint optimization model is defined as Equation (3):$$\begin{array}{ll}
{L\left( {\left\{ {y_{K}(t)} \right\},\left\{ \omega_{K} \right\},\left\{ {\lambda(t)} \right\}} \right) =} & {\alpha{\sum\limits_{K}^{}\left\| {\frac{\partial\lbrack\delta(t) + \frac{j}{\pi t}\rbrack \times y_{K}(t)}{\partial t}e^{- j\omega_{K}t}} \right\|_{2}^{2}}} \\
 & {+ \left\| {y(t) - {\sum\limits_{K}^{}{y_{K}(t)}}} \right\|_{2}^{2} + \lambda(t) \times \left( {y(t) - {\sum\limits_{K}^{}{y_{K}(t)}}} \right)} \\
\end{array}$$

The alternate direction method of multipliers (ADMM) is utilized to calculate the variation problem. The result of ${\hat{y}}_{K}{}^{n + 1}(\omega)$ is calculated by ADMM as shown in Equation (4).

The VMD algorithm comprises the following steps:

Step 1. Perform an iterative loop $n = n + 1$;

Step 2. After iteration, the IMFs $\left\{ {{\hat{y}}_{K}(\omega)} \right\}$ is updated according to the above formula; $${\hat{y}}_{K}{}^{n + 1}(\omega) = \frac{\hat{y}(\omega) - {\sum\limits_{i \neq K}{{\hat{y}}_{i}(\omega)}} + \frac{{\hat{\lambda}}_{i}(\omega)}{2}}{1 + 2\alpha{(\omega - \omega_{K})}^{2}}$$

Step 3. Update the center frequency $\left\{ {\hat{\omega}}_{K} \right\}$ according to the above formula; $${\hat{\omega}}_{K}{}^{n + 1} = \frac{{\int_{0}^{\infty}{\omega\left| {y_{K}(\omega)} \right|^{2}}}d\omega}{{\int_{0}^{\infty}\left| {y_{K}(\omega)} \right|^{2}}d\omega}$$

Step 4. Update Lagrange multiplication operator $\hat{\lambda}(\omega)$; $${\hat{\lambda}}^{n + 1}(\omega) = {\hat{\lambda}}^{n}(\omega) + \tau(\hat{y}(\omega) - {\sum\limits_{K}^{}{y_{K}{}^{n + 1}(\omega)}})$$

Step 5. Repeat steps 1--4 until the inequality is established; $${\sum\limits_{K}{\left\| {{\hat{y}}_{K}{}^{n + 1} - {\hat{y}}_{K}{}^{n}} \right\|_{2}^{2}/\left\| {{\hat{y}}_{K}{}^{n}} \right\|_{2}^{2}}} < \varepsilon$$

Step 6. End;

where: $\hat{y}(\omega),{\hat{y}}_{K}(\omega),\hat{\lambda}(\omega)$ represent the Fourier transform of $y(t),y_{K}(t),\lambda(t)$ respectively, and $\varepsilon$ represents the discriminant accuracy.

2.2. GMPSO Algorithm {#sec2dot2-sensors-20-01946}
--------------------

Particle swarm optimization (PSO) has global optimization capabilities and good performance but it is prone to local minima. We introduce the GMPSO algorithm, proposed by Ding \[[@B36-sensors-20-01946]\] who applied it to gearbox fault diagnosis. The GMPSO algorithm can effectively prevent the occurrence of local minima. Therefore, this paper selects GMPSO algorithm as the optimization algorithm for the parameters combination $\lbrack K,\alpha\rbrack$. The particle position and velocity update formula of GMPSO algorithm is shown below:$$\begin{array}{l}
{V_{i}^{n + 1} = wV_{i}^{n} + C_{1}\eta\left( {P_{i}{}^{n} - X_{i}^{n}} \right) + C_{2}\eta\left( {P_{g}{}^{n} - X_{i}^{n}} \right)} \\
{X_{i}^{n + 1} = X_{i}^{n} + V_{i}^{n + 1}} \\
\end{array}$$ where, $w$ is the inertia factor and its value is non-negative. When it is large, the global optimization ability is strong. $\eta$ represents the random number in the interval $\lbrack 0,1\rbrack$, $C_{1}$ and $C_{2}$ are acceleration constants, $C_{1}$ is the individual learning factor of each particle, and $C_{2}$ is the social learning factor of each particle. Generally $C_{1} = C_{2} \in \lbrack 0,4\rbrack$, and the number of iterations is $n$. $P_{i}{}^{n}$ represents the individual extremum of the $i$ variable in the $n - th$ dimension. $P_{g}{}^{n}$ represents the global optimal solution of the $i$ variable in the $n - th$ dimension.

The early fault signal of the rolling bearing is decomposed by the GMPSO-VMD algorithm to obtain a number of IMFs, and then the envelope entropy value of each IMF's component is calculated separately. The larger the envelope entropy value, the more noise the IMFs component contained, and the less sparse the signal of the component. If the obtained IMFs component contains more fault-related periodic impact characteristic signals, the higher the sparsity of the obtained component signals and the lower the envelope entropy value. Thus, the lower the envelope entropy value, the less noise the IMFs component contained. In this paper, we utilize the envelope entropy $E_{E}$ as the fitness function of the GMPSO algorithm and the minimum envelope entropy as the evaluation index to select the optimal parameters combination $\lbrack K,\alpha\rbrack$ in the VMD algorithm.

The envelope entropy $E_{E}$ is defined as:$$E_{j} = A(j)/{\sum\limits_{j = 1}^{N}A}(j)$$ $$E_{E} = - {\sum\limits_{j = 1}^{N}E_{j}}\lg E_{j}$$ $$j = 1,2,\cdots,N$$ where, $A(j)$ is the envelope signal of the original signal after Hilbert transformation, and $E_{j}$ is the normalization of $A(j)$.

2.3. The Proposed Algorithm {#sec2dot3-sensors-20-01946}
---------------------------

Taking the minimum envelope entropy as the fitness function of the GMPSO optimization algorithm proposed in this paper, and taking the parameter $K$ as the particle position in the GMPSO algorithm and the parameter $\alpha$ as the particle velocity in the GMPSO algorithm, the following GMPSO optimization algorithm is constructed. The GMPSO-VMD optimization algorithm model \[[@B36-sensors-20-01946]\] is: $$\left\{ \begin{matrix}
\begin{matrix}
{F = \min\limits_{\beta = \lbrack K,\alpha\rbrack}\left\{ {E_{E}{}^{IMFs}} \right\}} \\
{s.t.\ K = \lbrack 1,10\rbrack} \\
\end{matrix} \\
{\alpha = \lbrack 0,5000\rbrack} \\
\end{matrix} \right.$$ where, $F$ represents the GMPSO algorithm fitness function, $E_{E}{}^{IMFs}$ represents the envelope entropy of each IMF after the original signal is decomposed by GMPSO-VMD, $\left. \beta{= \lbrack}K,\alpha \right\rbrack$ is the optimization parameter combination. In this paper, $K$ represents the number on the interval $\left\lbrack {1,10} \right\rbrack$, and $\alpha$ represents the number on the interval $\left\lbrack {0,5000} \right\rbrack$.

[Figure 1](#sensors-20-01946-f001){ref-type="fig"} shows the flow chart of GMPSO-VMD algorithm.

Steps of the proposed algorithm in this paper are as follows: (1)Initialize parameters such as particle position and velocity in the GMPSO algorithm.(2)The particle position and velocity in GMPSO algorithm are taken as the parameter combination $\lbrack K,\alpha\rbrack$ in the VMD algorithm.(3)The GMPSO algorithm is implemented to find the optimal combination of the VMD parameter combination $\lbrack K,\alpha\rbrack$.(4)The fitness value $\min E_{E}{}^{IMFs}$ is compared so that the local extremum and the global extremum were updated.(5)When the number of iterations fails to reach the maximum number, the positions of particles reach the local extremum and do not meet the requirements. The GMPSO algorithm will generate the next generation of particle positions and velocities with mutation probability $q$, so as to avoid the occurrence of the local extremum of PSO algorithm.(6)When the maximum number of iterations is reached, the iteration stops. Output the optimal parameter combination $\lbrack K,\alpha\rbrack$ in VMD algorithm.

2.4. Fault Feature Extraction Method Based on the GMPSO-VMD Algorithm {#sec2dot4-sensors-20-01946}
---------------------------------------------------------------------

In order to effectively extract the feature frequency from the rolling bearing vibration signal, a rolling bearing fault feature extraction method is proposed in this paper. [Figure 2](#sensors-20-01946-f002){ref-type="fig"} shows a rolling bearing fault feature extraction flow chart.

The following detailed steps are the details of [Figure 2](#sensors-20-01946-f002){ref-type="fig"}:

Step 1. The rolling bearing vibration signal under four working conditions of normal bearing, inner race fault, roller element fault and outer race fault are adopted.

Step 2. The GMPSO algorithm is applied to the parameter combination optimization in the VMD algorithm.

Step 3. The GMPSO-VMD algorithm is utilized for each rolling bearing fault vibration signal.

Step 4. The envelope spectrum of IMF1 is analyzed.

3. Simulation Signal Analysis {#sec3-sensors-20-01946}
=============================

In order to verify the effectiveness of the GMPSO-VMD algorithm, this paper applies GMPSO-VMD to the decomposition of the simulation signal. The simulation signal adopted in the literature \[[@B36-sensors-20-01946]\] is introduced for analysis. The simulation signal is shown as follows:$$\left\{ \begin{matrix}
{y_{1}(t) = \cos(f_{1}t)} \\
{y_{2}(t) = {{\cos(f_{2}t)}/4}} \\
{y_{3}(t) = {{\cos(f_{3}t)}/16}} \\
\begin{array}{l}
{y(t) = y_{1}(t) + y_{2}(t) + y_{3}(t) + n(t)} \\
{f_{1} = 2\pi w_{1},f_{2} = 2\pi w_{2},f_{3} = 2\pi w_{3}} \\
\end{array} \\
\end{matrix} \right.$$ where, $w_{1} = 3$ is the frequency of $y_{1}$, $w_{2} = 25$ is the frequency of $y_{2}$, $w_{3} = 289$ is the frequency of $y_{3}$, $t$ is time, $y_{1}(t)$ is the simulation signal with amplitude of 1, $y_{2}(t)$ is the simulation signal with amplitude of 0.25, $y_{3}(t)$ is the simulation signal with amplitude of 0.0625 and $n(t)$ is the noise signal. [Figure 3](#sensors-20-01946-f003){ref-type="fig"} is the spectrum diagram and time domain diagram of the $y(t)$.

[Figure 4](#sensors-20-01946-f004){ref-type="fig"} shows the change of envelope entropy of the simulation signal with the number of iterations. This paper seeks to find the minimum envelope entropy of the simulation signal. When the envelope entropy reaches the minimum value, the parameter combination $\lbrack K,\alpha\rbrack$ in the VMD algorithm reaches the optimal value. Further, the optimal parameter combination of $\lbrack K,\alpha\rbrack$ is obtained as $\lbrack 4,4179\rbrack$ after GMPSO optimization.

According to the optimization results of the GMPSO algorithm, the simulation signal will be decomposed into four components. [Figure 5](#sensors-20-01946-f005){ref-type="fig"} shows the decomposition results of simulation signal by the GMPSO-VMD algorithm. According to [Figure 5](#sensors-20-01946-f005){ref-type="fig"}, the frequency of IMF1 is $w_{1} = 3$, the frequency of IMF2 is $w_{2} = 25$, and the frequency of IMF3 is $w_{3} = 289$. IMF4 is the noise component. The three feature frequencies are separated accurately by the GMPSO-VMD algorithm. [Figure 6](#sensors-20-01946-f006){ref-type="fig"} shows the decomposition results of the simulation signal by the CEEMDAN algorithm.

According to [Figure 5](#sensors-20-01946-f005){ref-type="fig"}, the three feature frequencies of the simulation signals are separated correctly. As shown in [Figure 6](#sensors-20-01946-f006){ref-type="fig"}, the frequency of IMF1 is $w_{3} = 289$, the frequency of IMF6 is $w_{2} = 25$, and the frequency of IMF8 is $w_{1} = 3$. The CEEMDAN algorithm separates multiple useless IMFs from the simulation signals, and some of the components have the phenomenon of mode mixing. Among them, mode mixing occurred between IMF6 and IMF7, and the CEEMDAN algorithm separated the simulation signal into several unknown and useless components. Among them, IMF2 to IMF5 are useless components of noise. The signal separation accuracy of the CEEMDAN algorithm is slightly lower than that of the GMPSO-VMD algorithm.

4. Experiment Data Analysis {#sec4-sensors-20-01946}
===========================

The rolling bearing data under actual working conditions were applied to the GMPSO-VMD algorithm proposed in this paper to test its effectiveness in extracting fault features of rolling bearings. The rolling bearing fault data set of Case Western Reserve University (United States) (CWRU) \[[@B47-sensors-20-01946]\] was used for experiments and compared with the FP-VMD and EMD algorithms. The rolling bearing test rig of CWRU is shown in [Figure 7](#sensors-20-01946-f007){ref-type="fig"}. In the test rig, the three-phase induction motor (arrow 1 in [Figure 7](#sensors-20-01946-f007){ref-type="fig"}) has a rated power of 1.5 kW, a speed of 1797 r/min, and a current of 3 A. It is connected to a power meter and a torque sensor (arrow 3) through a self-aligning coupling (arrow 2), and drives the fan (arrow 4), where the three-phase induction motor load is 0 kW. At the output end of the three-phase induction motor, the vibration acceleration sensor (arrow 5) is vertically fixed as close as possible to the housing supporting the rolling bearing, and the acceleration sensor (arrow 5) is used for data collection at a sampling frequency of 12 kHz. The rolling bearing model in the test is SKF6205. The inner race, outer race and roller element of the bearing are respectively processed using the electrical discharge machining (EDM) method, which produces tiny pits of 0.117 mm size to simulate the faults of the inner race, outer race and roller elements of the rolling bearing. [Table 1](#sensors-20-01946-t001){ref-type="table"}. represents the rolling bearing information and notation under an external load of 0 kW. [Figure 8](#sensors-20-01946-f008){ref-type="fig"} is the schematic diagram of a normal roller bearing, an inner race fault, a roller element fault, and an outer race fault.

In this paper, datasets of rolling bearings under different working conditions of CWRU were adopted for analysis. A total of 32 signal segments of rolling bearings under different working conditions were extracted, 8 signal segments extracted for each working condition.

The time domain diagrams and spectrum diagrams of vibration signals of normal bearings, inner race faults, roller element faults and outer race faults are shown in [Figure 9](#sensors-20-01946-f009){ref-type="fig"}. As shown in [Figure 9](#sensors-20-01946-f009){ref-type="fig"}, the rolling bearing fault signal features weakly and contains a large number of noise frequencies. Among them, the feature frequency of each fault state is difficult to extract directly from the spectrum diagram, so it needs to be analyzed in the following step. It is necessary to apply the GMPSO-VMD algorithm proposed in this paper to the fault feature extraction of rolling bearing signal under actual working conditions.

In this paper, the GMPSO-VMD algorithm is applied to fault feature extraction of the normal bearing, inner race fault, roller element fault and outer race fault, the four types of rolling bearing fault signal. [Figure 10](#sensors-20-01946-f010){ref-type="fig"}a--d shows the GMPSO convergence curve of a normal bearing, an inner race fault of a rolling bearing, a roller element fault of a rolling bearing, and an outer race fault of a rolling bearing vibration signal for VMD parameter optimization.

The optimal parameter combinations of $\lbrack K,\alpha\rbrack$ are obtained as $\lbrack 7,2250\rbrack$, $\lbrack 7,3772\rbrack$, $\lbrack 7,4116\rbrack$ and $\lbrack 7,2472\rbrack$ after GMPSO optimization. [Figure 11](#sensors-20-01946-f011){ref-type="fig"}a--d shows the time domain diagram and spectrum diagram of the normal bearing, inner race fault of the rolling bearing, roller element fault of the rolling bearing, outer race fault of the rolling bearing vibration signal decomposed by the GMPSO-VMD algorithm. As shown in [Figure 11](#sensors-20-01946-f011){ref-type="fig"}, the fault signals of rolling bearings were separated successfully, and no mode mixing phenomenon occurred in all IMFs. A large number of high-frequency noise IMFs were obtained.

Some rolling bearing parameters are shown in [Table 2](#sensors-20-01946-t002){ref-type="table"}. According to the empirical Equations (14)--(16) for the fault frequency of the outer and inner races of the rolling bearing, it can be calculated that the fault frequency of the roller element, outer race and inner race of the rolling bearing are 137.4Hz, 107.3Hz and 162.2Hz. The spindle speed is 1797 r/min so that the motor rotation frequency is 30 Hz. $$f_{0} = 30Hz$$ $$f_{1} = \frac{Z}{2} \times \left( {1 + \frac{d}{D} \times \cos\alpha} \right) \times \frac{N}{60}$$ $$f_{2} = \frac{1}{2} \times \frac{d}{D} \times \left( {1 - {(\frac{d}{D})}^{2} \times \cos^{2}\alpha} \right) \times \frac{N}{60}$$ $$f_{3} = \frac{Z}{2} \times \left( {1 - \frac{d}{D} \times \cos\alpha} \right) \times \frac{N}{60}$$ where, $z$ is the number of balls in the rolling bearings; $D$ is the sectional bearing diameter; $N$ is the spindle speed. $\alpha$ is the contact angle of the roller element; $d$ is the diameter of the roll;

The GMPSO-VMD algorithm has a strong mathematical basis, and the frequency of its decomposed IMFs components ranges from small to large. The frequency range of IMF1 is the minimum frequency band. Since the fault frequency of rolling bearings are all between 100 Hz and 200 Hz, this paper selects the IMF1 components decomposed by the GMPSO-VMD algorithm for envelope spectrum analysis.

However, the essence of the CEEMDAN and EMD algorithm is the iteration of signals, without too much mathematical basis, and both are empirical algorithms. The frequency range of its decomposed IMFs component ranges from large to small, and IMF1 contains the most information. Therefore, the decomposed IMF1 component is used for envelope spectrum analysis.

According to the obtained IMFs after GMPSO-VMD algorithm decomposition, as shown in [Figure 11](#sensors-20-01946-f011){ref-type="fig"}, the spectrum diagram of IMF1 contains the feature frequency of a rolling bearing fault, while the spectrum diagram of other IMFs shows that the fault feature frequency of the rolling bearing is not included. The IMF1 of the fault vibration signal of the four-fault state of rolling bearings are selected as the signal component for envelope spectrum analysis. [Figure 12](#sensors-20-01946-f012){ref-type="fig"} is the envelope spectrum of the IMF1 of the normal bearing. [Figure 13](#sensors-20-01946-f013){ref-type="fig"} shows the envelope spectrum of the IMF1 of the inner race fault of the rolling bearing. [Figure 14](#sensors-20-01946-f014){ref-type="fig"} is the envelope spectrum of the IMF1 of the roller element fault of the rolling bearing. [Figure 15](#sensors-20-01946-f015){ref-type="fig"} is the envelope spectrum of the IMF1 of the outer race fault of the rolling bearing.

As shown in [Figure 12](#sensors-20-01946-f012){ref-type="fig"}, the motor rotation frequency of the normal bearing is 30.03 Hz, which was obtained accurately from the envelope spectrum of the IMF1 after applying the GMPSO-VMD algorithm. The motor rotation frequency value is close to the theoretical value $f_{0}$. The feature frequency of the normal bearing can be extracted accurately. In addition, the double frequency 60.06 Hz of the motor rotation frequency is also extracted accurately by the envelope spectrum. As shown in [Figure 13](#sensors-20-01946-f013){ref-type="fig"}, the fault frequency of the inner race of the rolling bearing is 161.9 Hz, which was obtained accurately from the envelope spectrum of the IMF1 after use of the GMPSO-VMD algorithm. The inner race fault frequency value is close to the theoretical value $f_{1}$. In addition, the fault feature frequency of the inner race at the double frequency 323 Hz and the motor rotation frequency 30.03 Hz were also extracted accurately by the envelope spectrum. As shown in [Figure 14](#sensors-20-01946-f014){ref-type="fig"}, the fault frequency of the roller element of the rolling bearing was 137.7 Hz, which was obtained accurately from the envelope spectrum of the IMF1 after using the GMPSO-VMD algorithm. The roller element fault frequency value is close to the theoretical value $f_{2}$. In addition, the fault feature frequency of the motor rotation frequency 30.03Hz was also extracted accurately by the envelope spectrum. As shown in [Figure 15](#sensors-20-01946-f015){ref-type="fig"}, the fault frequency of the outer race of the rolling bearing was 107.7Hz, which was obtained accurately from the envelope spectrum of the IMF1 after using the GMPSO-VMD algorithm. The outer race fault frequency value is close to the theoretical value $f_{3}$. In addition, the fault feature frequency of the outer race at the double frequency 215.3 Hz and third harmonic generation 323 Hz, and the motor rotation frequency 30.03 Hz were also extracted accurately by the envelope spectrum.

In order to verify the difference between the GMPSO-VMD algorithm and other algorithms, the FP-VMD algorithm, CEEMDAN algorithm and EMD algorithm were substituted for the GMPSO-VMD algorithm. Here, the parameters in the FP-VMD algorithm are $\alpha = 2000$ and $K = 3$. [Figure 16](#sensors-20-01946-f016){ref-type="fig"} is the envelope spectrum of the IMF1 of the normal bearing vibration signal obtained by the FP-VMD algorithm. [Figure 17](#sensors-20-01946-f017){ref-type="fig"} is the envelope spectrum of the IMF1 of the inner race fault of the rolling bearing vibration signal obtained by the FP-VMD algorithm. [Figure 18](#sensors-20-01946-f018){ref-type="fig"} is the envelope spectrum of the IMF1 of the roller element fault of the rolling bearing vibration signal obtained by the FP-VMD algorithm. [Figure 19](#sensors-20-01946-f019){ref-type="fig"} is the envelope spectrum of the IMF1 of the outer race fault of the rolling bearing vibration signal obtained by FP-VMD algorithm.

As shown in [Figure 16](#sensors-20-01946-f016){ref-type="fig"}, the motor rotation frequency of the normal bearing is 30.03 Hz, which was obtained from the envelope spectrum of the IMF1 after use of the FP-VMD algorithm. However, there are many noise frequencies in the envelope spectrum, which lead to inaccurate identification. As shown in [Figure 17](#sensors-20-01946-f017){ref-type="fig"}, the fault frequency of the inner race of the rolling bearing is 161.9 Hz, which was obtained accurately from the envelope spectrum of the IMF1 after using the FP-VMD algorithm. The inner race fault frequency value is close to the theoretical value $f_{1}$. In addition, the fault feature frequency of the inner race at the double frequency of 323.7 Hz and the motor rotation frequency double frequency 60.06 Hz were also extracted accurately by the envelope spectrum. As shown in [Figure 18](#sensors-20-01946-f018){ref-type="fig"}, the fault frequency of the roller element of the rolling bearing is 135.5 Hz, which cannot be obtained accurately from the envelope spectrum of the IMF1 after use of the FP-VMD algorithm. However, unknown frequencies exist in the envelope spectrum, which lead to inaccurate identification. In addition, the fault feature frequency of the motor rotation frequency 30.03 Hz was extracted by the envelope spectrum. As shown in [Figure 19](#sensors-20-01946-f019){ref-type="fig"}, the fault frequency of the outer race of the rolling bearing was 107.7 Hz, which was obtained accurately from the envelope spectrum of the IMF1 after use of the FP-VMD algorithm. In addition, the fault feature frequency of the inner race fault feature frequency, 161.9 Hz, was also extracted accurately by the envelope spectrum. In general, the FP-VMD algorithm was slightly less effective than the GMPSO-VMD algorithm for fault feature extraction of rolling bearing vibration signals.

[Figure 20](#sensors-20-01946-f020){ref-type="fig"} is the envelope spectrum of the IMF1 of the normal bearing vibration signal obtained by the EMD algorithm. [Figure 21](#sensors-20-01946-f021){ref-type="fig"} is the envelope spectrum of the IMF1 of the inner race fault of the rolling bearing vibration signal obtained by the EMD algorithm. [Figure 22](#sensors-20-01946-f022){ref-type="fig"} is the envelope spectrum of the IMF1 of the roller element fault of the rolling bearing vibration signal obtained by the EMD algorithm. [Figure 23](#sensors-20-01946-f023){ref-type="fig"} is the envelope spectrum of the IMF1 of the outer race fault of the rolling bearing vibration signal obtained by the EMD algorithm.

As shown in [Figure 20](#sensors-20-01946-f020){ref-type="fig"}, the motor rotation frequency of the normal bearing was 30.03 Hz, which was obtained from the envelope spectrum of the IMF1 using the EMD algorithm. However, there are many noise frequencies in the envelope spectrum, which lead to inaccurate identification. As shown in [Figure 21](#sensors-20-01946-f021){ref-type="fig"}, the fault frequency of the inner race of the rolling bearing was 161.9 Hz, which was obtained from the envelope spectrum of the IMF1 after using the EMD algorithm. However, there are many noise frequencies in the envelope spectrum. In addition, the fault feature frequency of the motor rotation frequency double frequency 60.06 Hz was also extracted accurately by the envelope spectrum. As shown in [Figure 22](#sensors-20-01946-f022){ref-type="fig"}, the fault frequency of the roller element of the rolling bearing was 135.5Hz, which cannot be obtained accurately from the envelope spectrum of the IMF1 after using the EMD algorithm. However, unknown frequencies exist in the envelope spectrum, which lead to inaccurate identification. As shown in [Figure 23](#sensors-20-01946-f023){ref-type="fig"}, the fault frequency of the outer race of the rolling bearing was 107.7 Hz, which was obtained accurately from the envelope spectrum of the IMF1 after using the EMD algorithm. In addition, the fault feature frequency of the motor rotation frequency, 30.03 Hz, was also extracted accurately by the envelope spectrum. In general, the EMD algorithm is less effective than the GMPSO-VMD algorithm for fault feature extraction of rolling bearing vibration signals.

[Figure 24](#sensors-20-01946-f024){ref-type="fig"} is the envelope spectrum of the IMF1 of the normal bearing vibration signal obtained using the CEEMDAN algorithm. [Figure 25](#sensors-20-01946-f025){ref-type="fig"} is the envelope spectrum of the IMF1 of the inner race fault of the rolling bearing vibration signal obtained by using the CEEMDAN algorithm. [Figure 26](#sensors-20-01946-f026){ref-type="fig"} is the envelope spectrum of the IMF1 of the roller element fault of the rolling bearing vibration signal obtained by using the CEEMDAN algorithm. [Figure 27](#sensors-20-01946-f027){ref-type="fig"} is the envelope spectrum of the IMF1 of the outer race fault of the rolling bearing vibration signal obtained by using the CEEMDAN algorithm.

As shown in [Figure 24](#sensors-20-01946-f024){ref-type="fig"}, the motor rotation frequency of the normal bearing is 30.03 Hz, which was obtained from the envelope spectrum of the IMF1 after using the CEEMDAN algorithm. However, there are many noise frequencies in the envelope spectrum, which lead to inaccurate identification. As shown in [Figure 25](#sensors-20-01946-f025){ref-type="fig"}, the fault frequency of the inner race of the rolling bearing was 161.9 Hz, which was obtained from the envelope spectrum of the IMF1 by using the CEEMDAN algorithm. However, there are many noise frequencies in the envelope spectrum. In addition, the fault feature frequency of the motor rotation frequency double frequency, 60.06 Hz, was also extracted accurately by the envelope spectrum. As shown in [Figure 26](#sensors-20-01946-f026){ref-type="fig"}, the fault frequency of the roller element of the rolling bearing was 137.7Hz, which was obtained from the envelope spectrum of the IMF1 by use of the CEEMDAN algorithm. The roller element fault frequency value was close to the theoretical value $f_{2}$. In addition, the fault feature frequency of the motor rotation frequency, 30.03 Hz, was also extracted by the envelope spectrum. However, there are many noise frequencies in the envelope spectrum, which lead to inaccurate identification. As shown in [Figure 27](#sensors-20-01946-f027){ref-type="fig"}, the fault frequency of the outer race of the rolling bearing was 107.7 Hz, which was obtained from the envelope spectrum of the IMF1 after use of the CEEMDAN algorithm. In addition, the fault feature frequency of the motor rotation frequency, 30.03 Hz, was also extracted accurately by the envelope spectrum. In general, the CEEMDAN algorithm was less effective than the GMPSO-VMD algorithm in fault feature extraction of rolling bearing vibration signals.

The application results show that the GMPSO-VMD algorithm not only has better performance than the FP-VMD, CEEMDAN and EMD algorithms for simulation signals, but also has an advantage over these algorithms for rolling bearing fault feature extraction.

5. Conclusions {#sec5-sensors-20-01946}
==============

The GMPSO-VMD algorithm is proposed for analyzing rolling bearing early weak fault vibration signals in this paper. A constraint parameter L2 norm optimization model is established. Due to the influence of mode mixing and fixed parameters, the accuracy of some signal decomposition was reduced, as occurred in the CEEMDAN and FP-VMD algorithms. Furthermore, the effectiveness of the GMPSO-VMD algorithm was confirmed by testing it with both a simulation signal and an experimental rolling bearing signal using actual real-world data. The results show that the GMPSO-VMD algorithm can accurately extract the feature frequency in the form of a spectrum diagram. The main contributions of the GMPSO-VMD algorithm are as follows: (1)The minimum value of the envelope entropy is taken as the objective function of the GMPSO algorithm to obtain the optimal parameter combination $\lbrack K,\alpha\rbrack$ of the VMD algorithm.(2)The accuracy of signal decomposition can be increased by transforming the signal decomposition problem into the parameter optimization problem in the VMD algorithm.(3)GMPSO-VMD can effectively extract the rotation frequency and fault feature frequency of a rolling bearing vibration signal. Additionally, GMPSO-VMD can accurately classify each type of rolling bearing fault.

The proposed method was verified by using a rolling bearing fault vibration signal. However, the GMPSO-VMD algorithm is still has some problems, such as taking longer to execute than the FP-VMD algorithm. Therefore, we aim to research fast-optimization methods for VMD in the future. Finally, we note that the GMPSO-VMD algorithm can be applied to other fault diagnosis fields, such as fault signal processing applications in welding and additive manufacturing processes.
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![Spectrum diagram and time domain diagram of the $y(t)$.](sensors-20-01946-g003){#sensors-20-01946-f003}

![The genetic mutation particle swarm optimization variational mode decomposition (GMPSO) convergence curve of the simulation signal for the variational mode decomposition (VMD) parameter optimization.](sensors-20-01946-g004){#sensors-20-01946-f004}

![GMPSO-VMD decomposes the simulation signal.](sensors-20-01946-g005){#sensors-20-01946-f005}

![Complete ensemble empirical mode decomposition adaptive noise (CEEMDAN) algorithm decomposes the simulation signal.](sensors-20-01946-g006){#sensors-20-01946-f006}

![Rolling bearing failure test rig of CWRU: (**1**) three-phase induction motor, (**2**) self-aligning coupling, (**3**) torque sensor, (**4**) fan, and (**5**) acceleration sensor.](sensors-20-01946-g007){#sensors-20-01946-f007}

![Schematic diagram of a normal rolling bearing and several types of fault: (**a**) normal bearing, (**b**) inner race fault, (**c**) roller element fault, and (**d**) outer race fault.](sensors-20-01946-g008){#sensors-20-01946-f008}

![Time domain diagram and spectrum diagram of rolling bearings: (**a**) normal bearing vibration signal, (**b**) inner race fault bearing vibration signal, (**c**) roller element fault bearing vibration signal, and (**d**) outer race fault bearing vibration signal.](sensors-20-01946-g009){#sensors-20-01946-f009}

![The GMPSO convergence curve for VMD parameter optimization: (**a**) normal bearing vibration signal, (**b**) inner race fault bearing vibration signal, (**c**) roller element fault bearing vibration signal, and (**d**) outer race fault bearing vibration signal.](sensors-20-01946-g010){#sensors-20-01946-f010}

###### 

Time domain diagram and spectrum diagram of rolling bearing vibration signal by GMPSO-VMD algorithm decomposition: (**a**) normal bearing, (**b**) inner race fault bearing, (**c**) roller element fault bearing, and (**d**) outer race fault bearing.
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![The envelope spectrum of intrinsic mode function 1 (IMF1) of the normal bearing vibration signal obtained using the GMPSO-VMD algorithm.](sensors-20-01946-g012){#sensors-20-01946-f012}

![The envelope spectrum of the IMF1 of the inner race fault of the rolling bearing vibration signal obtained using the GMPSO-VMD algorithm.](sensors-20-01946-g013){#sensors-20-01946-f013}

![The envelope spectrum of the IMF1 of the roller element fault of the rolling bearing vibration signal obtained using the GMPSO-VMD algorithm.](sensors-20-01946-g014){#sensors-20-01946-f014}

![The envelope spectrum of the IMF1 of the outer race fault of the rolling bearing vibration signal obtained using the GMPSO-VMD algorithm.](sensors-20-01946-g015){#sensors-20-01946-f015}

![The envelope spectrum of the IMF1 of the normal bearing vibration signal obtained by using the fixed parameter VMD (FP-VMD) algorithm.](sensors-20-01946-g016){#sensors-20-01946-f016}

![The envelope spectrum of the IMF1 of the inner race fault of the rolling bearing vibration signal obtained by using the FP-VMD algorithm.](sensors-20-01946-g017){#sensors-20-01946-f017}

![The envelope spectrum of the IMF1 of the roller element fault of the rolling bearing vibration signal obtained by using the FP-VMD algorithm.](sensors-20-01946-g018){#sensors-20-01946-f018}

![The envelope spectrum of the IMF1 of the outer race fault of the rolling bearing vibration signal obtained by using the FP-VMD algorithm.](sensors-20-01946-g019){#sensors-20-01946-f019}

![The envelope spectrum of the IMF1 of the normal bearing vibration signal obtained by using the empirical mode decomposition (EMD) algorithm.](sensors-20-01946-g020){#sensors-20-01946-f020}

![The envelope spectrum of the IMF1 of the inner race fault of the rolling bearing vibration signal obtained by using the EMD algorithm.](sensors-20-01946-g021){#sensors-20-01946-f021}

![The envelope spectrum of the IMF1 of the roller element fault of the rolling bearing vibration signal obtained by using the EMD algorithm.](sensors-20-01946-g022){#sensors-20-01946-f022}

![The envelope spectrum of the IMF1 of the outer race fault of the rolling bearing vibration signal obtained by using the EMD algorithm.](sensors-20-01946-g023){#sensors-20-01946-f023}

![The envelope spectrum of the IMF1 of the normal bearing vibration signal obtained by using the complete ensemble empirical mode decomposition adaptive noise (CEEMDAN) algorithm.](sensors-20-01946-g024){#sensors-20-01946-f024}

![The envelope spectrum of the IMF1 of the inner race fault of the rolling bearing vibration signal obtained by using the CEEMDAN algorithm.](sensors-20-01946-g025){#sensors-20-01946-f025}

![The envelope spectrum of the IMF1 of the roller element fault of the rolling bearing vibration signal obtained by using the CEEMDAN algorithm.](sensors-20-01946-g026){#sensors-20-01946-f026}

![The envelope spectrum of the IMF1 of the outer race fault of the rolling bearing vibration signal obtained by using the CEEMDAN algorithm.](sensors-20-01946-g027){#sensors-20-01946-f027}
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###### 

Parameters of the rolling bearing data set from CWRU.

  Load (kW)                   Speed (r/min)   Condition of Rolling Bearing   Fault Diameter (mm)   Notation
  --------------------------- --------------- ------------------------------ --------------------- ----------
  0                           1797            Normal bearing (N)             /                     N
  Inner race fault (IR)       0.117           IR-7                                                 
  Roller element fault (RE)   0.117           RE-7                                                 
  Outer race fault (OR)       0.117           OR-7                                                 

sensors-20-01946-t002_Table 2

###### 

Rolling bearing parameters.

  ------------------------------------------------------------------------------------------------------------------------------
  Roll Diameter\   Section Bearing Diameter (mm)   Contact Angle (°)   Ball Number   Inner Diameter (mm)   Outer Diameter (mm)
  (mm)                                                                                                     
  ---------------- ------------------------------- ------------------- ------------- --------------------- ---------------------
  7.94             39.04                           0                   9             25.00                 51.97

  ------------------------------------------------------------------------------------------------------------------------------
